In recent years, healthcare has attracted much attention, which is looking for more and more data analytics in healthcare to relieve medical problems in medical staff shortage, ageing population, people living alone, and quality of life. Data mining, analysis, and forecasting play a vital role in modern social and medical fields. However, how to select a proper model to mine and analyze the relevant medical information in the data is not only an extremely challenging problem, but also a concerning problem. Tuberculosis remains a major global health problem despite recent and continued progress in prevention and treatment. There is no doubt that the effective analysis and accurate forecasting of global tuberculosis prevalence rates lay a solid foundation for the construction of an epidemic disease warning and monitoring system from a global perspective. In this paper, the tuberculosis prevalence rate time series for four World Bank income groups are targeted. Kruskal-Wallis analysis of variance and multiple comparison tests are conducted to determine whether the differences of tuberculosis prevalence rates for different income groups are statistically significant or not, and a novel combined forecasting model with its weights optimized by a recently developed artificial intelligence algorithm-cuckoo search-is proposed to forecast the hierarchical tuberculosis prevalence rates from 2013 to 2016. Numerical results show that the developed combination model is not only simple, but is also able to satisfactorily approximate the actual tuberculosis prevalence rate, and can be an effective tool in mining and analyzing big data in the medical field.
Introduction
Currently, the world faces a considerable health burden related to tuberculosis (TB), which is an infectious bacterial disease caused by Mycobacterium tuberculosis, typically exerting adverse effects not only on the lungs, but also on other bodily organs. TB is transmitted from person to person via small droplets of sputum and saliva expelled when an infectious patient coughs or sneezes [1] . Declared a major worldwide health problem by the World Health Organization (WHO), TB induces ill-health among millions of people each year, and ranks as the second leading cause of death from infectious disease after human immunodeficiency virus (HIV) [2] . Nonetheless, TB is the most prevalent airborne infectious cause of death, inducing approximately three million deaths each year, principally among young adults in the globally poorest nations [3] [4] [5] [6] [7] [8] [9] .
Smart cities have been paid attention, and its status consolidates as one of the fanciest areas of research today. Hence, [10] makes a case for a cautious rethink of the very rationale and relevance of the debate, and in the paper [11] , the origins of what is termed normative bias in smart cities research are identified and a case is made for a holistic, scalable, and human-centered smart cities research agenda. Smart healthcare applications are one part of a smart city, which involve domain and data understanding for physician-and patient-centric healthcare, data preprocessing, and modeling using natural language processing and (big) data analytic techniques, and model evaluation and knowledge deployment through information infrastructures [12] .
TB is often associated with behavioral factors and demographics, including occupation, age, tobacco and alcohol consumption, poor nutrition, and household crowding [13] [14] [15] [16] [17] [18] . Recently, WHO has begun to promote efforts to address social determinants as an important component of global tuberculosis control [19] . Recently, the improvement of medical conditions [20] , the improvement of optimal control strategy [21] , classification algorithm, and signal processing algorithm [22, 23] , have been widely used in the medical field, meanwhile, big data and data analysis techniques are applied to disease diagnosis [24] , such that the accuracy of diagnosis results has been significantly improved, and have contributed to preventing the incidence of tuberculosis diseases. Much of the epidemiological TB literature relies on notified cases, and relatively few involve measurements and trend predictions of TB prevalence [25] . However, the approaches related to the prediction of TB prevalence rates are less than ideal, and these possible tools deserve further exploration. Accurate tuberculosis prevalence rate forecasting is of vital importance to global tuberculosis prevention and control. Advances made in predicting tuberculosis events may be used to anticipate high and low risk years or future tuberculosis epidemics. In recent-year forecasts, future disease trends or comparisons of competing disease control policies commonly estimate results using dynamic transmission models, which represent the mechanisms of transmission, natural history, and health system interactions that generate tuberculosis outcomes. The studies shown in Table 1 described standard tuberculosis modeling approaches and examined specific modeling approaches. However, little systematic investigation has been done on the assumptions made by published tuberculosis models. If these assumptions are not valid, the results of these studies could be biased [26] .
According to the above discussion, this paper seeks to use a combined model to estimate and forecast the prevalence of TB. We mainly focus on hierarchical tuberculosis prevalence rate data according to four World Bank income groups. The association between tuberculosis prevalence rates and income levels is examined by means of nonparametric analysis of variance (ANOVA). In addition, nonlinear regression analysis is first applied to hierarchically forecast tuberculosis prevalence rates; then, a combination forecasting strategy, whose weights are further optimized by the cuckoo search algorithm, based on machine learning, is proposed. Cuckoo search-based combined models are constructed in this paper to improve forecasting accuracy as much as possible and, thus, provide meaningful evidence and information about the potential trends and future evaluation of the burden of tuberculosis, i.e., incidence, prevalence, and mortality. In conclusion, the major distinction of this study is that hierarchical tuberculosis prevalence rates are innovatively analyzed and forecasted. Furthermore, an innovative combination forecasting model based on regression analysis and an artificial intelligence optimization method is proposed.
In the future, big data and data analysis technology will be widely used in disease surveillance, decision-making, health management, and other fields, which is the focus of current intelligent medical care. In this paper, data analysis is used to analyze and forecast the tuberculosis prevalence rates. Through repeated analysis of tuberculosis data, combined with the data of tuberculosis prevalence rates and professional literature, a hybrid combined forecasting model is proposed, verified repeatedly and, finally, the CS-combined model is used to forecasting the trend of prevalence rates of intelligent medical products. 
Reference Description Model
Exogenous re-infection and the dynamics of tuberculosis epidemics: local effects in a network model of transmission A network model of TB transmission to evaluate the impact of non-homogeneous mixing on the relative contribution of re-infection over realistic epidemic trajectories [27] Mathematical models
The impact of realistic age structure in simple models of tuberculosis transmission A simple model of TB transmission, with alternative assumptions about survivorship, is used to explore the effect of age structure on the prevalence of infection, disease, basic reproductive ratio, and the projected impact of control interventions [28] Mathematical models
Appropriate models for the management of infectious diseases. The model intrinsic assumptions embedded within classical frameworks [29] Mathematical models Forecast analysis of the incidence of tuberculosis in the province of Quebec A compartmental differential equation based on a susceptible exposed latent infectious recovered (SELIR) model was simulated using the Euler method [30] Mathematical models
On the role of variable latent periods in mathematical models for tuberculosis
The model that combine with arbitrarily distributed latent stage are similar to those given by the TB model with an exponentially distributed period of latency [31] mathematical models
Emergent heterogeneity in declining tuberculosis epidemics
Using two mathematical models to explore the role of the contact structure of the population, and find that in declining epidemics, localized outbreaks may occur as a result of contact heterogeneity, even in the absence of host or strain variability [32] mathematical models
Epidemiological models of Mycobacterium tuberculosis complex infections
Epidemiological models consist of compartments which represent sets of individuals grouped by disease status [33] Epidemiological models
Mathematical modeling of the epidemiology of tuberculosis
This is reflected in differences in the structures of mathematical models of TB which, in turn, produce differences in the predicted impacts of interventions. Gaining a greater understanding of TB transmission dynamics requires further empirical laboratory and field work, mathematical modeling, and interaction between them [34] Mathematical Modeling
The remainder of this paper is organized as follows: Section 2 introduces related methodologies, including the Kruskal-Wallis test, regression analysis, combination forecasting strategy, and the cuckoo search algorithm. In Section 3, we present numerical examples and forecasting results. Section 4 reports the related conclusions of this study.
Related Methodology
Curve fitting is the process of constructing a curve, or mathematical function, which has the best fit to a series of data points, possibly subject to constraints. This section introduces different methods of curve fitting.
Kruskal-Wallis (KW) Test
The Kruskal-Wallis (KW) method is presented as a nonparametric technique to detect whether different samples originate from the same probability distribution [35] [36] [37] [38] . Since no normality assumption is made, the KW test is based on an analysis of medians instead of means.
Assume a set of p random variables, X k (1 ≤ k ≤ p), are selected from different populations. Define η k as the median of X k . The null hypothesis H 0 and the alternative hypothesis H 1 of the KW test can be expressed as follows [35] :
If the null hypothesis is rejected, then the p random variables are assumed to be drawn from more than a single population. For detailed information on the KW test, please refer to Reference [38] .
Regression Analysis
Regression analysis is a statistical tool used to investigate relationships between variables with the procedure of model construction, coefficient estimation, and statistical inference [35] . The method of least squares estimation aims to minimize the summed squares of the residuals, defined via
where y i is observed response value,ŷ i is the fitted response value, and n is the number of data points included in the fit process. The R-square statistic is a measure to indicate the extent to which the total variation of the dependent variable is explained by the regression model. It is defined as the ratio of the sum of squares of regression and the total sum of squares, which can be expressed as [39] :
Since it takes into consideration the degrees of freedom, the adjusted R-square statistic is more reasonable for indicating regression performance, which is defined as
where n denotes the number of response values and m is the number of fitted coefficients. An adjusted R-square value closer to one indicates that a greater proportion of variance is accounted for by the regression model. In addition, two error evaluation criteria are calculated to assess forecasting accuracy-namely, mean absolute percentage error (MAPE) indicator receives one value for a specific forecasting accuracy and the root mean square error (RMSE) is used to measure the deviation between the forecasting value and the actual value-calculated as follows
where N is the number of forecasting periods, y i is the actual value at time i, andŷ i denotes the corresponding forecasted value.
Cuckoo Search (CS) Optimization
Cuckoo search is a novel metaheuristic optimization algorithm based on the obligate brood parasitic behavior of some cuckoo species in combination with Lévy flight behavior [40] . Three idealized rules are applied by Yang and Deb [40, 41] , and the aim is to use the new and potentially better solutions (cuckoos) to replace the not-so-good solution in the nests. The interested readers can refer to References [40, 41] for details of the cuckoo search algorithm. A shortened description of the process of the cuckoo search algorithm is provided in Appendix A.
Combined Forecasting Method
The combined forecasting method, which assigns a weighted coefficient to each individual method proportional to its past forecasting performance, can improve the final forecasting performance by taking advantage of individual forecasting methods that perform differently depending on the datasets, the forecast horizons, and their capability of capturing nonlinearity. The combined forecast model can be represented asF
whereF t is the final forecast at time t,f t|i is the forecast value of ith model at time t, w i is the corresponding weight assigned to the ith model, and m is the number of the individual models utilized. The formulation of the combined forecast model can be realized in various ways. In this study, the weights are determined based on an artificial intelligence method. Figure 1 depicts the flowchart of the proposed combined forecasting model based on the cuckoo search algorithm to optimize the weights.
Radial Basis Function Neural Networks
The RBF neural network is a forward network model with good performance [42] , global approximation, and is free from the local minima problems. In this paper, the RBF neural work is used to estimate the parameter of polynomial regression.
It has three layers: an input layer, a hidden layer with a non-linear RBF activation function, and a linear output layer, which is a two-layer feed-forward neural network.
The network output y is a vector with m components, determined in terms of the n components of the input vector x by the following formula:
where ϕ j are the radial-basis functions, and N h is the number of hidden-layer neurons.
The hidden-layer-to-outputs interconnection weights are given by w ij . The threshold offset is denoted by θ wi . Generally, the hidden neuron of an RBF network employs a Gaussian form for the activation function, which is given as:
where C i are centers, and the σ i are widths or variances. For simplicity, the centers and variances are pre-defined and fixed. The above equation can be transformed to the matrix form below:
where Ψ(x) = φ 1 , ϕ 2 . . . , ϕ N h T and W is the weights matrix. 
Data Analysis
The hierarchical tuberculosis prevalence rate dataset, applied in the simulation, was downloaded from the website of the World Health Organization (WHO) [43] . As described in Section 1, prevalence is one of main indicators used to assess the burden of tuberculosis. When survey data are not available, estimates of prevalence are derived from estimates of incidence and the duration of disease.
The tuberculosis prevalence rate refers to the number of cases of tuberculosis (all forms) in a population at a given point in time (the middle of the calendar year), expressed as the rate per 100,000 people, including cases of tuberculosis in people with HIV. In this study, we pay close attention to tuberculosis prevalence rates at the global level with respect to the World Bank income groups.
According to the information on its official website, the World Bank classifies economies as low income, middle income (subdivided into lower-middle and upper-middle), or high income, based on gross national income (GNI) per capita. Low income and middle income economies are sometimes referred to as developing economies. Each year, on 1 July, the World Bank revises the classification of world economies. As of 1 July 2013, the World Bank income classifications by gross national income (GNI) per capita are as shown in Table 2 . Table 2 . Income classifications by gross national income (GNI) per capita according to the World Bank. 
Income Classifications Gross National Income (GNI) Per Capita

Data Analysis
According to the information on its official website, the World Bank classifies economies as low income, middle income (subdivided into lower-middle and upper-middle), or high income, based on gross national income (GNI) per capita. Low income and middle income economies are sometimes referred to as developing economies. Each year, on 1 July, the World Bank revises the classification of world economies. As of 1 July 2013, the World Bank income classifications by gross national income (GNI) per capita are as shown in Table 2 . For nearly 17 years since WHO's declaration of tuberculosis as a global public health emergency, major progress has been made towards 2017 global targets set within the context of the millennium development goals (MDGs). Table 3 presents a time series of tuberculosis prevalence rates (incidence of tuberculosis and incidence of tuberculosis by HIV-positive cases) at the global level for the four different World Bank income groups-namely, high income, upper-middle income, lower-middle income, and low income-from 2000 to 2016. As we can see from Table 2 , generally speaking, lower income status is accompanied with higher tuberculosis prevalence rates. For the high income group, tuberculosis prevalence rates from 2000 to 2016 decreased rapidly. Additionally, the tuberculosis prevalence rate in 2000 was 52% less than the 2000 rate. The tuberculosis prevalence rates for upper-middle income group gradually descended across the seventeen years from 2000 to 2016. The prevalence rate reached 87 cases per 100,000 population in 2016, representing a decrease of 24.35% since 2000. For lower-middle income and low income groups, the tuberculosis prevalence rates exhibited similar patterns of decline: first slow and then quickly falling, with decreases of 21.24% and 37.12%, respectively, compared to the rates in 2000. The reduced prevalence rates for all income groups demonstrate continuous progress being made in the global fight against tuberculosis.
For better modeling, this paper uses the KW test to verify whether tuberculosis prevalence rates are different among the four different income groups. Table 4 displays the pairwise comparison results. Each row of the table represents one test, and there is one row for each pair of groups. In total, there are six pairs of groups. The entries in each row indicate the mean ranks being compared, the estimated difference in mean ranks, and a confidence interval for the difference with 95% confidence. For example, the first row shows that the mean rank tuberculosis prevalence rate for the high income group minus the mean rank tuberculosis prevalence rate for the upper-middle income group is estimated to be −17, with a 95% confidence interval for the true difference of the mean ranks of [−34.4219, 0.4219]. The confidence interval does not contain zero, so the difference is significant at the 0.05 level. Consequently, we can draw the conclusion that the mean rank tuberculosis prevalence rate for the high income group is significantly different from those megabank rates for all other income groups, as measured by all the 95% confidence intervals listed from the second row to the fourth row (i.e., none contains zero). Similarly, the mean tuberculosis prevalence rate for the upper-middle income group is also significantly different from those for the lower-middle, as well as the low income groups. All in all, through the multiple comparison test yielding the results shown in Table 3 , we collect further detailed information about the pairwise difference of tuberculosis prevalence rates among the four World Bank income groups. Pairwise analyses conclude that significant differences in mean tuberculosis prevalence rates among income groups exist, except between the mean tuberculosis prevalence rates of the lower-middle income and the low income groups.
Structure of the Proposed Integrated Forecasting Framework
Mathematical models (in Table 1 ) consist of compartments which represent sets of individuals grouped by disease status. The links between compartments represent transitions from one state of disease to another state and different compartments can be included or excluded according to the assumptions of the mathematical models. However, the combined model based on polynomial regression proposed in this paper aims at the incidence of TB; no other assumptions are needed in the modeling process. In the process of forecasting, it avoids the deviation of forecasting results caused by the invalid assumptions of the mathematical model. This is different from the mathematical models whose goal of a combined model is to model a non-linear relationship between the independent and dependent variables (technically, between the independent variable (year) and the conditional mean of the dependent variable (tuberculosis rates), and the combined forecasting model is the same as other common forecasting models, which mainly reflects the statistical regularity of diseases from data.
Hierarchical tuberculosis prevalence rate data were collected from the World Health Organization (WHO) and the data were collected into four economic groups: high income, upper-middle income, lower-middle income, and low income groups. Given these data, we first employ the KW test to check whether tuberculosis prevalence rates are significantly different among the four income groups.
After the hierarchical tuberculosis prevalence rate data analysis, the TB time series data is input into the five different regression models. The overall flowchart of the proposed integrated model is depicted in Figure 1 .
The parameters of the different regression models are determined by employing an RBF neural network; the RBF neural network is used to fit unknown function. Given a nonlinear function, such as y = ae bx , the parameters of the function a and b are not known. To determine them, first randomly generate two trial parameters of a and b. With these two parameters, y is calculated by y = ae bx , and is used as the output data of the RBF neural network. Thus, the RBF neural network establishes approximate and exact regression analysis.
With the different regressions determined, a combined forecasting model is employed. The combined forecasting model is based on multiple different forecasting models for the same problem. It can be a combination of several quantitative methods or a combination of several qualitative methods. In this paper, a quantitative method is used to combine six regression models. The main purpose of combination is to make full use of the information provided by various forecasting models. To improve the forecasting accuracy as much as possible, this paper uses the cuckoo search algorithm to optimize and determine the combination weights in the combined model.
It is worth noting that there are four steps of future forecasting, h = 4, for the different income groups studied in this paper, with the forecasting values from 2013 to 2016.
The Model Processing and Analysis Forecasting Result
Original yearly records of tuberculosis prevalence rate are measured and published by the World Health Organization [43] , which is our main data resource. In this section, the tuberculosis prevalence rates from four different income groups are used to estimate the performance of the proposed novel combined model. The proposed novel combined model is compared with other forecasting models, namely, Poly, Sin, Reci-Poly, Reci-Exp, Power2-Poly2, and Power2-Exp2.
The Data Description and the Forecasting Modeling for Each Income Group
Considering that tuberculosis prevalence rates are associated with income groups, we seek to make full use of the hierarchical tuberculosis prevalence rates. Thus, for each income group, we construct six different types of regression models with good adjusted R-square values. The tuberculosis prevalence rates from 2000 to 2012 are used for model construction and coefficient estimation. Linear and nonlinear regression models, such as the quadratic polynomial model, the two-term exponential model, the sum-of-sines model, and the Gaussian model, are repeatedly used for the different income groups. It is worth noting that the adjusted R-square value is regarded as the appropriate metric to evaluate the model's goodness-of-fit. That is to say, we prefer to select regression models with adjusted R-square values as large as possible. Tuberculosis prevalence rates from 2013 to 2016 are forecasted for each income group, respectively.
In addition, for each income group, a total of six individual regression models are combined to forecast tuberculosis prevalence rates from 2013 to 2016, and the weights of the combination forecasting model are optimized by the cuckoo search algorithm. Below, the results of the individual and combination forecasting models are presented in great detail.
(1) With respect to tuberculosis prevalence rates for the high income group, we first construct two regression models based on the original dataset using the quadratic polynomial model (Poly2) as well as the sum-of-two-sines model (Sin2). In addition, the original tuberculosis prevalence rates are transformed by taking reciprocals and then the quadratic polynomial model (Reci-Poly2) and the two-term exponential model (Reci-Exp2) are applied to characterize the data using a global fit. Finally, the original time series is transformed by taking base-2 logarithms and then the quadratic polynomial model (Power2-Poly2), as well as the one-term Gaussian model (Power2-Gauss1), are built. 
Analysis of the Modeling Result for Tuberculosis Prevalence Rate in Each Income Group
According to the above analysis, in this part, we further analyze the tuberculosis prevalence rate forecasting results of four different income groups. Note that the corresponding inverse transformations are implemented to obtain final forecasting values. The coefficients of each regression model are estimated by the least-squares method, and the adjusted R-square (A-R2) of each regression model is calculated. Finally, the combination model is formed based on the six individual regression models, whose weights are optimized by the cuckoo search algorithm, which is denoted as "CS-Combined". The reason why the aforementioned six regression models are chosen in our combined approach, is that these models have higher adjusted R-square values than other competing models. Appendix C plots the fit curves of all seven types of forecasting models while including details of the regression equations and adjusted R-squares.
Combined models which integrate the results of six individual regression models are often utilized in the forecasting field. In order to obtain the optimal weight coefficients of the individual models, a novel deciding weight method based on the cuckoo search is developed to determine the optimal combination weights. The optimization is as follows.
According to the cuckoo's process of hatching bird eggs, the CS algorithm is described as follows:
Step 1 Defines the objective functionŷ = ω 1 y 1 + ω 2 y 2 + . . . + ω 6 y 6 , initializes the function, and randomly generates the initial position of n nests ω = [ω 1i , ω 2i , · · · , ω 6i ] (i = 1, 2, . . . , n) to set parameters such as population size, problem dimension, maximum discovery probability P, and maximum iterative times;
Step 2 Chooses the fitness function and calculates the objective function value of each bird's nest position, and obtains the current optimal function value;
Step 3 Records the optimal function value of the previous generation, and uses the formula (5.10) to update the position and state of the other nests;
Step 4 The existing position function value is compared with the previous generation optimal function value and, if it is better, the current optimal value is changed;
Step 5 After the location update, compare the random number γ ∈ [0, 1] with P. If γ > P, randomly change x Step 6 If the maximum number of iterations or the minimum error requirement is not reached, return to step 2, otherwise, continue to the next step;
Step 7 Output the global optimal combination weight. As demonstrated in Appendix C ( Figure A1 ), all six individual regression models provide remarkable goodness-of-fit, with adjusted R-squares all above 0.93. Thus, the selection of regression models is proper and effective. From Appendix C ( Figure A1 ), there are clearly significant improvements for combined model forecasts compared with the results of other forecasting models for high income group. The annual high income group tuberculosis prevalence rate from 2013 to 2016 years was forecasted by CS-combined model. The forecasting results show that the SSE (sum square error), RMSE (root mean square error) are 3.38 and 0.9587, respectively. The forecasting values are close to the actual value. It is indicated that the CS-combined model has better forecasting performance, which has high popularization and application in forecasting the tuberculosis prevalence rate. It can provide a reference basis for the prevention and control measures of TB in the world.
Appendix C ( Figure A2 ) plots the fitting and forecasting curves and presents related regression equations and goodness-of-fit for the upper-middle income group. From Appendix C ( Figure A2 ), it can be concluded that the estimated fitting equations are able to fit the dataset quite well; the adjusted R-squares of the six regression models all being above 0.99. Appendix C ( Figure A2 ) demonstrated that the sum square error, root mean square error, R-square, and adj R-square of the CS-combined forecasting model established by the upper-middle income group tuberculosis prevalence rate from 2000 to 2012 were 5.35, 0.5972, 0.9968, and 0.9966, respectively. This indicates that the forecasting efficiency of the combined model is better than the other model, which can achieve higher forecasting requirements and be used for extrapolation forecasting. The forecasting can help provide reference for the formulation of tuberculosis prevalence rate control measures in upper-middle income group.
The related fitting and forecasting curves for the lower-middle income group are drawn in Appendix C ( Figure A3 ), which demonstrates that all six regression models fit the dataset very well, with adjusted R-square values greater than 0.99. As indicated in Appendix C (Figure A3) , the forecasting results of tuberculosis prevalence rate for lower-middle income group from 2013 to 2016 was 258.3/100,000; 252.6/100,000; 246.9/100,000; and 241.2/100,000, showing a downward trend year by year. The forecasting results of CS-combined showed that sum square error is 1.957, and root mean square error is 0.6651. The CS-combined model fitting accuracy criteria (R-square) indicated that the fitting accuracy of CS-combined model is 0.9998, and the fitting curve almost coincides with the actual tuberculosis prevalence rate curve. The fitting effect is better than the other models and can be used for forecasting the lower-middle income group tuberculosis prevalence rate.
The low income group with fitting and forecasting curves is plotted in Appendix C ( Figure A4 ). According to Appendix C (Figure A4 ), the individual regression models all have remarkable goodness-of-fit with adjusted R-square values greater than 0.99. Appendix C ( Figure A4) shows that the CS-combined model is used to fit tuberculosis prevalence rate time series for low income group during 2000-2012. The data of tuberculosis prevalence rate from 2013 to 2016 are forecasted by CS-combined model. The fitting value and forecasting value of the CS-combined model for 2000-2016 are basically the same as the actual tuberculosis prevalence rate, which is very similar to the actual value, and shows that the fitting and forecasting results are better than individual regression models.
Forecasting Results of Individual and Combined Models
In this section, forecasting results of both individual and combined methods are presented. The real values and forecasting values for the four different income groups from 2013 to 2016, generated by all seven forecasting models, are listed in Appendix B.
From Table 5 , it can be concluded that the absolute values of the differences between the real values and the forecasting values, by means of the combined forecasting model, are no greater than four. Moreover, one-third of the twelve forecasting values derived from the proposed combination forecasting model are exactly equal to their real values. Thus, related analysis sufficiently reflects the superiority of the proposed combination forecasting model based on artificial intelligence optimization. Figure 2 presents the stack bars of forecast errors, including MAPE and RMSE, of the seven forecasting models for the four income groups. Note that, in Figure 2 , the MAPE value is represented as a percentage.
From Figure 2 and Table 5 we can see that the combined forecasting model can further improve forecast accuracy compared with individual regression models as evidenced by it always achieving the lowest forecast error. Based on the fitting results of six polynomial regression models from 2000 to 2012, the combined weight of each model is calculated according to the combined model theory. In order to get the optimal combined weight, cuckoo algorithm is used to optimize the combination weight and the forecasting results (2013-2016) of CS-combined model is calculated by the optimal combination weight. The CS-combined model was established for the tuberculosis prevalence rate in high income population, which fitted the trend of the original tuberculosis prevalence rate. The forecasting accuracy of CS-combined model is higher than the other model and could be used for the forecasting tuberculosis epidemic trend in high income group. The forecasting results show that the incidence of tuberculosis in the high income group has been declining year by year since 2013 and the decline in 2013-2016 fluctuated between 2% and 4%. The tuberculosis prevalence rate in upper-middle income group in 2013-2016 showed a decreasing trend. For the forecasting results of upper-middle income group from 2013 to 2016, the RMSE and MAPE of CS-combined forecasting model were 0.6307 and 0.4883% respectively, which indicated that the CS-combined model has better forecasting performance and can meet higher forecasting requirements. From another point of view, the CScombined model can be used for other diseases forecasting. For the lower-middle income group, the RMSE and MAPE of CS-combined model are 0.2113% and 0.2270%, respectively. The forecasting result of CS-combined model indicates that the tuberculosis prevalence rate from 2013 to 2016 is also declining. The forecasting results of tuberculosis prevalence rate for low income group from 2013 to 2016 showed that RMSE and MAPE were 0.3556% and 0.1028%, respectively, and the forecasting values were close to the actual values, which indicate that the CS-combined model has good forecasting performance and application in the tuberculosis prevalence rate forecasting. The forecasting results of the combined model could be used for the prevention and control of tuberculosis in low income group, and provide reference for formulating measures. The above analysis shows that global tuberculosis control strategies and measures have obtained significant achievements, which effectively curb the trend of tuberculosis prevalence rate. Remark: The CS-combined model proposed in this paper can improve the forecasting accuracy, which combines the advantages of a variety of models and overcomes the influence of the characteristics of the tuberculosis prevalence rate time series on the forecasting results, such as fluctuating trend, small sample, randomness, and non-linearity. Therefore, the combination model in the forecasting and analysis of tuberculosis prevalence rate trend shows good forecasting performance. Therefore, infectious disease control has great significance. The CS-combined model was established for the tuberculosis prevalence rate in high income population, which fitted the trend of the original tuberculosis prevalence rate. The forecasting accuracy of CS-combined model is higher than the other model and could be used for the forecasting tuberculosis epidemic trend in high income group. The forecasting results show that the incidence of tuberculosis in the high income group has been declining year by year since 2013 and the decline in 2013-2016 fluctuated between 2% and 4%. The tuberculosis prevalence rate in upper-middle income group in 2013-2016 showed a decreasing trend. For the forecasting results of upper-middle income group from 2013 to 2016, the RMSE and MAPE of CS-combined forecasting model were 0.6307 and 0.4883% respectively, which indicated that the CS-combined model has better forecasting performance and can meet higher forecasting requirements. From another point of view, the CS-combined model can be used for other diseases forecasting. For the lower-middle income group, the RMSE and MAPE of CS-combined model are 0.2113% and 0.2270%, respectively. The forecasting result of CS-combined model indicates that the tuberculosis prevalence rate from 2013 to 2016 is also declining. The forecasting results of tuberculosis prevalence rate for low income group from 2013 to 2016 showed that RMSE and MAPE were 0.3556% and 0.1028%, respectively, and the forecasting values were close to the actual values, which indicate that the CS-combined model has good forecasting performance and application in the tuberculosis prevalence rate forecasting. The forecasting results of the combined model could be used for the prevention and control of tuberculosis in low income group, and provide reference for formulating measures. The above analysis shows that global tuberculosis control strategies and measures have obtained significant achievements, which effectively curb the trend of tuberculosis prevalence rate.
Remark: The CS-combined model proposed in this paper can improve the forecasting accuracy, which combines the advantages of a variety of models and overcomes the influence of the characteristics of the tuberculosis prevalence rate time series on the forecasting results, such as fluctuating trend, small sample, randomness, and non-linearity. Therefore, the combination model in the forecasting and analysis of tuberculosis prevalence rate trend shows good forecasting performance. Therefore, infectious disease control has great significance. 
Analysis of the Performance of Each Model
To further estimate and analyze the performance of the proposed combined tuberculosis prevalence rate forecasting model, the forecasting availability [40] and the DM (Diebold-Mariano) test [44] , which evaluate the forecasting performance, are discussed in this part.
(1) Table 6 shows the results of the DM test. We can reject the null hypothesis and it is deemed that the difference between the prediction abilities of two models is significant. The significance level for a study is chosen before data collection, and typically set to 1%, 5%, 10% [45, 46] . The corresponding significance level is as follows:
( For example, the results of low income group indicate that the combined model is different than Reci-ploy2 at the 10% significance level for training process, for the testing process, the |DM| value of Reci-ploy2 is 2.146856 at the 5% significance level, and the |DM| value of Ploy2, Sin2, Reci-exp2, Power2-ploy2, and Power2-Exp2 are 1.809601, 1.695902, 1.642031, 1.487737, and 1.524198 at the 10% significance level in tuberculosis prevalence rate forecasting. The upper limits at the different significance levels are smaller than the DM statistics in four income groups in tuberculosis prevalence rates. The combined model successfully overcomes some limitations of the individual forecasting models and effectively improves the forecasting accuracy. These results indicate that the proposed combined model is more valid and significantly superior to the other models. Thus, it is obvious that the proposed combined model is superior to the other six individual regression models. Accordingly, the proposed combined forecasting model can satisfactorily approximate the observed tuberculosis prevalence rate. 
Remark:
The results indicate that the proposed combined model is more valid and significantly superior to the other models. Accordingly, the proposed combined forecasting model can satisfactorily approximate the observed tuberculosis prevalence rate. 
Conclusions
Concerning the association of income status and prevalence rate, a non-parametric Kruskal-Wallis test is performed, and the matrix derived from the test demonstrates that there are significant differences in tuberculosis prevalence rates among pairwise income groups, except between the lower-middle income and the low income group.
In addition, individual regression models are constructed to fit the tuberculosis prevalence rates from 1999 to 2012 for the four income groups. The quadratic polynomial model, the two-term exponential model, the sum-of-sines model, and the Gaussian model, are repeatedly used to forecast the tuberculosis prevalence rates from 2013 to 2016, with two types of variable transformations: taking reciprocals and base-2 logarithms. All selected individual regression models have satisfactory goodness-of-fit with adjusted R-squares all greater than 0.96. Combined forecasting models are proposed based on six individual regression models, and the weights are optimized by the cuckoo search algorithm, which is based on machine learning. From the extensive simulation results, it can be concluded that for each of the four income groups, the proposed combination forecasting models based on artificial intelligence optimization always provide better forecast accuracy than the individual regression models. As a result, these findings provide substantial information about the effectiveness and stability of the proposed combination forecasting model in the forecasting of hierarchical tuberculosis prevalence rates.
Future healthcare is research on the interaction between patient-centered healthcare and all pillar industries, which uses data science to store, capture, and mine the relationship between medical data and patients. This is, in fact, a new era of radical innovation based on big data and data analysis applications, capable of exploiting leading-edge approaches in data analysis and data mining, which include the idea that the analysis of big data is conducted and designed to better understand healthcare, analyses on healthcare data, and deal with various social issues in the adoption of telematics in medicine and healthcare. In this paper, we mainly focus on analysis and forecasting data of tuberculosis prevalence rate. Through repeated analysis of tuberculosis data, combined with the data of tuberculosis prevalence rates and professional literature, a hybrid combined forecasting model is proposed, verified repeatedly and, finally, the trend of prevalence rates of intelligent medical products.
Based on these developments, this paper contributes significantly in the body of data of tuberculosis prevalence rates, and publishes a combined forecasting model and data analysis methodologies in the field of tuberculosis prevalence rates.
The following points are a summary of the main contents of this paper:
(1) the KW test is used to validate the different among four kinds of income group;
(2) different forecasting models are set up for each income group;
(3) a CS-combined model is proposed in this paper, which incorporates the advantages of each forecasting model.
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